ABSTRACT A rapid growth in the smart-wearable industry is making it increasingly important to cater to the quality of experience (QoE) requirements of the end users. In this paper, we try to model the relationship between human experience and quality perception in relation to the smart-wearable segment. For this, the concepts of quality of data (QoD) and quality of information (QoI) are used. While QoD is concerned with the accuracy and precision of the data collected by the smart-wearables, QoI relates to the useful information that is obtained from the raw data captured by the devices via the companion applications of each wearable installed on a smartphone. A subjective experiment comprising of 40 participants and 5 wearable devices is performed in a free-living condition in order to create the QoE model. Four different approaches for weight determination are presented in this paper: balanced weight distribution, correlation-based distribution, hybrid distribution, and priority-based distribution while proposing the QoE model. Our results show that the priority-based distribution approach performs slightly better than the rest of the techniques and has the best correlation to the subjective QoE when compared against others. Based on the results, the appropriate recommendations are provided to the different smart-wearable vendors for improving their products, thereby ensuring greater user adoption.
I. INTRODUCTION
The interest of smart-wearables among the general public has increased exponentially in the recent years. By the end of 2019, fitness-bands and smartwatches are estimated to account for nearly half of the overall wearable unit sales worldwide [1] . A Google trend-analysis also reflects a tremendous increase in searches for 'fitness-bands', 'smartwatches', 'smart-wearables 'and related terms, supporting the results of the market research. Although the general trend reveals an increased demand for these wearable devices in future, current sales estimates are relatively low due to a slow pace of end-user adoption [2] . Therefore, rigorous research
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is needed to understand this gap of technology from an end-user perspective that forms the basic essence of this work.
The smart-wearables exist in a variety of forms ranging from fitness trackers, smartwatches, smart-glasses, wirelessheadsets, clothing, to smart and fashionable jewelry items like bracelets, and necklaces [3] . However, the present work is scoped on fitness-trackers, and smartwatches only. These tracking devices use a variety of sensors to provide useful information about the users' physical activities such as stepcounts, distance travelled, calories burned, heart-rate monitoring, and sleep tracking. Although the features provided by each device vary as per their price point, yet all of them provide motivations to the users to track their fitness level and hence improve their overall Quality of Life (QoL) [4] , [5] .
The ability of these smart-devices to generate data accurately and processing those in an effective manner for providing meaningful information to the end-users are critical for their long-term success. Therefore, primarily there are three important factors: the quality of the sensors embedded in the devices, the algorithms that are used to interpret the raw data, and the feature/characteristics of the applications presenting all the information to the users. Although a number of previous works have focused on testing the accuracy of the smart-wearables, yet nothing is known about the relationship between the results of the accuracy tests, and the end-user perception towards using those [6] - [10] . Similarly, the effect of application features and the user-interface (UI) analysis on the end-user adoption scenario is unknown. Clearly, a research gap exists, which maps the performance of the smart-wearables with the perceived Quality of Experience (QoE) by the end-users thereby providing the motivation for the current work.
The International Telecommunications Union (ITU-T) has defined QoE as ''the degree of delight or annoyance of the user of an application or service'' [11] . It has been applied in a wide range of scenarios ranging from exploring the user satisfaction in 5G cellular networks, to video quality optimization on mobile devices [12] , [13] . Being user-centric, QoE provides a more detailed understanding of the various system factors that can affect the end-user perceptions. QoE being closer to the user domain can accurately portray the real impact of the smart-wearables on the human QoL. However, for the present context, in order to generate an accurate QoE model, we need other quality indicators like the Quality of Data (QoD) captured by these devices along with the Quality of Information (QoI) presented to the users (either by the devices themselves or by some companion applications installed on a smartphone). In the Internet of Things (IoT) era due to the presence of a variety of devices (possessing different processing capabilities and features across a variety of price points), heterogeneous technologies, and standards; QoD and QoI can be better predictors of QoE than the traditional Quality of Service (QoS) parameters commonly used by the multimedia community [14] - [16] .
QoD can be defined as ''a reflection of the data accuracy, data truthfulness, data completeness, and data up-to-dateness of the sensed data''. On the other hand, QoI can be defined as ''the accuracy, details, timeliness, and validity of the information provided to the users''. Although the working definitions of QoD and QoI used in this work may have some similar properties, the involved objectives are different, i.e. QoD is concerned with data quality evaluation, while QoI is used for information quality evaluation.
To the best of the authors' knowledge, there are no previous works that attempt to model the QoE of the smart-wearable segment (specifically fitness-bands and smartwatches). This paper presents a quantitative approach based on weighted averages for calculating the QoE of the end-users from the QoD and QoI parameters. Specifically, following are the main contributions:
• A thorough investigation into the accuracy and precision of the wearables in terms of step-counts (SC), and heart rate monitoring (HRM) in a real-life scenario.
• Translating the information obtained in the above step for obtaining the QoD by presenting the results of the accuracy testing to the users and letting them give their opinion on a 5 point scale across both the dimensions to obtain QoD SC , and QoD HRM respectively.
• Assessing the user experience (UX) for obtaining the QoI by letting the users interact with the companion applications of the respective smart-wearables on a compatible smartphone in terms of their perceived ease of use (PEOU), perceived usefulness (PU), and the richness of information provided (RI). The users evaluate each of these three features on a 5 point scale to obtain QoI PEOU , QoI PU , and QoI RI respectively.
• Creating the quantitative QoE model by allocating weights to each of the QoD and QoI parameters considered above by four different techniques and evaluating their performances. The novelty of this work can be judged by the following aspects. First, we take a holistic approach in evaluating the QoE of the smart-wearables by including device-specific as well as user-specific characteristics. Second, unlike most of the previous works our experiments have been conducted in a free-living environment over a span of three months, which is expected to simulate a real-life usage scenario more accurately when compared to laboratory-based setups. Third, for building the QoE model and minimizing the chances of bias for specific devices, we use the latest generation wearables across a variety of price points that support different features. In addition, in order to create the QoE model, we take into account the most common parameters that the wearables under study can measure directly (step counts, and heart rate). Lastly, the UI design, effective and attractive representation of the accumulated health data with proper insights and future trends along with other added functionalities provided by the companion applications of the smart-wearables (installed on a smartphone) have also been incorporated while evaluating the final QoE model.
The remaining paper is organized as follows. Pertinent literature review has been presented in Section II, while Section III introduces the details of the subjective test. In Section IV, the overall QoE model is presented. Section V presents the results, whereas the discussions are provided in Section VI. Finally, Section VII provides the conclusion, current limitations, and the scope of future work.
II. LITERATURE REVIEW A. ACCURACY OF THE SMART-WEARABLES
A number of studies have been conducted in the past for measuring the accuracy of different smart-wearables. Researchers in [10] used ten different wearable fitness trackers and compared their accuracy in relation to the step-counts against a research grade pedometer under both laboratory and freeliving conditions. Seven out of the ten devices showed similar VOLUME 7, 2019 output for step-counts, while five of them were relatively close with the research grade pedometer. Similar experiments were done by researchers in [17] for comparing seven consumer-level wearable devices with two research grade ones for measuring the step counts, and the total daily energy expenditure (TDEE). While the step-counts obtained from the different devices had a strong correlation with the researchgrade ones, there was a great variation in the TDEE factor. Similar works have been done by other authors across different devices for measuring different parameters under a variety of setups [6] , [7] , [18] , [19] .
The current loophole is that there is no study that correlates the accuracy of these smart-wearables to the enduser expectations. Initially, the users have some expectations regarding a particular product or service (prior to purchase). After using it for a while, they form certain perceptions about its performance. They assess the perceived performance vis-à-vis their original expectations and determine the extent to which their expectations are confirmed. Finally, they form a satisfaction based on the confirmation level. If the preexpectations (before purchasing) and the post-expectations (after purchasing and using a product) do not match, the adoption rate will be low [20] , [21] . Therefore, evaluating the QoE of the end-users after using the smart-wearables is an important issue as it can provide deeper insights into their current adoption scenario.
B. QoE OF MULTIMEDIA APPLICATIONS
For multimedia applications, QoE is evaluated by two main techniques: subjective and objective methods [22] . In subjective evaluation techniques users are asked to rate the quality of the multimedia contents that they see typically on a Mean Opinion Score (MOS) scale. Therefore, the MOS scale is closely related to the end-user experience. Such subjective schemes have to be carried out in a well-defined manner as outlined by various ITU recommendations like ITU-T P.910, ITU-R BT.500-13, and ITU-T P.911 [23] - [25] . Subjective tests are the most accurate means of quality estimation. However, they are time consuming, costly to be carried out, and not suitable for real time monitoring and management of QoE. On the contrary, the objective techniques use some mathematical formulae or algorithms for predicting the multimedia quality as a function of system, context, and human influence factors. Although the accuracy of the objective methods are lesser than the subjective ones, yet they are preferred in a number of circumstances as they are easy to be carried out, and much cheaper than the subjective tests. A third technique is gaining in popularity in the recent years, which involves a combination of both the subjective and objective approaches in order to combine the best of both the worlds.
Mostly in case of multimedia quality evaluation, the QoE is estimated from the various QoS factors. Depending upon the application scenario and conditions, suitable QoS factors are chosen. Packet loss, delay, jitter, bandwidth, bit rate, frame rate, and type of codec used are some of the popular QoS metrics considered for QoE evaluation. For example, authors in [26] evaluate the quality of an IPTV service that is affected by delay, jitter, packet loss, bandwidth, and signal success rate. Similar works have been done in relation to multimedia quality evaluation on mobile devices (having small screen sizes) considering the impact of spatial resolution, temporal resolution, and the quantization step size [27] , [28] . An up-todate and in-depth study for QoE evaluation of different types of multimedia services can be found in [29] - [31] .
C. QoE OF THE SMART-WEARABLES/IoT APPLICATIONS
With the advent of the IoT era, there has been an explosion of a variety of applications, different types of devices and sensors, along with newer methods of data analysis [32] . As such, it becomes difficult to evaluate the QoE from a QoS perspective only in this new paradigm [33] . Therefore, multiple quality metrics apart from the QoS should also be considered for QoE modeling. Traditionally for QoE evaluation purposes, various network and application QoS factors are generally considered [34] - [37] . However, in the IoT paradigm such evaluation strategies become obsolete, particularly for innovative products like the smart-wearables, where the product concepts and features change very rapidly with each successive new iteration. Therefore, multiple quality metrics apart from the QoS should also be considered for QoE modeling.
In the literature, there are only a few works that address the quality evaluation in the IoT context. In [14] , the authors have defined a new network paradigm called the Cognitive Internet of Things (CIoT), where the quality is evaluated on a threedimensional perspective of QoD, QoI, and QoE. While, QoD refers to the quality of the sensed data, QoI is related to the information quality, which is presented to the decision makers at an appropriate location, setting, and time [38] . Finally, the overall QoE is calculated from both QoD and QoI. The concept of QoI has also been implemented by authors in [16] for proposing an energy efficient management framework for controlling the duty-cycle of the various sensors in an IoT environment. Authors in [39] propose a layered framework for managing the QoE for providing multimedia services in an IoT environment, where each of the QoE influencing factors can be controlled. Each layer is dedicated to a particular influencing factor, so that the overall effect can be summed up from all the individual layers. A similar scalable QoE modeling framework is presented by authors in [33] using the concepts of physical metrics and metaphysical metrics. While the physical metrics are organized into four layers (device, network, computing, and user interface), the metaphysical metrics provide a summary of the physical metrics. Similarly, in [40] , the authors emphasize on the importance of QoI for evaluating the QoE in an ambient intelligence system environment.
The use of subjective tests is very limited for evaluating the quality of the IoT applications. Authors in [41] used a real packet-based actuating testbed along with qualitative and quantitative experimental data for studying the quality experienced by actual users. Likewise, in order to verify their proposed model, authors in [39] conducted a subjective test for a vehicular IoT application. Apart from these two works, current research does not provide more evidence correlating subjective studies for QoE estimation regarding IoT applications to the best of the authors' knowledge. However, in all the above-mentioned works, no methodology is provided how to map the new quality parameters i.e. QoD, and QoI to the QoE.
D. THE DIFFERENCES IN QoE PERSPECTIVE
From the above discussion of QoE estimation for multimedia and various IoT applications, a clear difference is observed. Considering the huge variety of IoT applications ranging from healthcare, transportation, smart-homes, smart-cities, smart-grids, smart-devices to smart-logistics, it becomes extremely challenging to estimate the QoE in such a diverse environment having different (and many times conflicting) requirements.
Subjective tests, which form the core part for QoE evaluation in a multimedia environment get lesser preference in the IoT paradigm. The number and type of existing IoT applications is huge, with new services emerging very frequently. Therefore, for every application or service type depending upon the requirements a new subjective test has to be carried out. The diversity in the application scenarios pose a challenge to the conduction of proper subjective experiments. Similarly, unlike the multimedia domain, currently there is no standardization or set of best practices as to how the subjective tests can be conducted. It is not possible to port the existing set of standardizations of the multimedia community to the IoT context because the application scenarios are vastly different between the two [42] . Similarly, apart from QoS there can be a number of other new predictors for QoE in the IoT context, like QoD and QoI as discussed before. Current subjective methodologies do not consider these novel factors for QoE estimation. Therefore, even if subjective tests need to be conducted for some applications, their focus must change from the traditional QoS aspects to newer ones. For example, the usefulness and ease of using the applications can be incorporated into the QoE evaluation procedure. Finally, from an IoT viewpoint there is a lack of proper methodology for QoE evaluation. Currently, QoE evaluation in the IoT context is an under-researched area [14] , [16] , [38] - [40] . QoS has lesser relevance in the wearable context, and existing literatures only point out towards the importance of QoD and QoI for certain IoT application scenarios as discussed above. However, neither these concepts have been tested for the wearable category, nor any methodology is provided as to how these concepts can be translated back to QoE for measuring the human satisfaction level. This forms the basic motivation behind selecting QoD and QoI as predictors of QoE in this work, along-with formulating an effective evaluation strategy.
E. CONCLUSION: THE CURRENT RESEARCH GAP
From the above discussion it is clear that the current literature falls short in mainly two aspects. First, the correlation between the accuracy of the smart-wearables and their overall usage experience on the end-user perception is unknown. A lot of work had been done in assessing the accuracy of the smart-wearables under a variety of conditions, however how these results translate to the end-user satisfaction level is unexplored. If the smart-wearables are to succeed in the long run, it is of utmost importance to have a thorough understanding of the current satisfaction levels of the users. Second, there is no existing methodology for mapping the new quality indicators (QoD, and QoI) to the user QoE. Therefore, the current literature needs to be enriched with suitable mathematical techniques that allow QoE evaluation, which follows closely to the actually observed values. The research gap mentioned leads us to frame the following two central questions that this study aims to answer: R 1 : How to translate data quality and information quality to the end-user satisfaction level? R 2 : What mathematical techniques to use that allow QoE evaluation for the same?
In order to answer the above two questions, a subjective test has been conducted and the results are used for creating the quantitative QoE model by considering various techniques in determining the weights of the relevant parameters.
III. OVERALL METHODOLOGY AND SUBJECTIVE TEST A. OVERALL METHODOLOGY
As mentioned previously, for this work we hypothesize QoE to be a function of QoD and QoI. While, QoD takes care of the device-specific characteristics (like sensor quality, and prediction algorithms used), QoI delves more into the user characteristics since it is concerned with the userinterface (UI) analysis of the companion applications of the smart-wearables. Therefore, the QoE that we estimate is comprehensive both in terms of the accuracy/precision of the collected data, as well as the application quality, and variety of information that is provided by the smart-wearables.
For QoD evaluation, SC and HRM are the parameters considered. This is primarily due to two main reasons. First, these two features are universally available across all fitness trackers or smartwatches irrespective of their price point. Second, these two parameters can be measured by the sensors directly, without the necessity of going through some complex calculations. On the contrary, other features like distance travelled or calories burned cannot be measured directly by the sensors, instead depend on certain algorithms for their calculation. Since QoD is a reflection of the data accuracy directly, hence only SC and HRM are included. Similarly, for QoI evaluation PEOU, PU, and RI are taken. User satisfaction is highly related to the ease of use, and usefulness of the mobile applications [43] , [44] . Existing IS research has shown that if the end-users find the applications useful and easy to use, then the user adoption will be more in a variety of mobile application contexts [45] , [46] . The smartwatches of today are able provide a variety of information to the users that they measure either directly (step counts, heart rate, and ECG) or infer indirectly (calories burned, calories taken, distance walked, and weight management). The user adoption can vary with the feature-set provided by the mobile applications [47] , [48] , and hence motivated the inclusion of the RI factor for QoI evaluation.
B. DEVICES USED IN THE STUDY
Five devices are used in the experiment, with three of them being smart fitness-bands while the remaining two being smartwatches. Xiaomi Mi Band 2, Lenovo HW01, and Samsung Gear Fit2 Pro are the fitness-bands, while Apple Watch Series 3 and Samsung Gear S3 Frontier are the smartwatches that are used. All these wearables have the same basic sensors for monitoring the various body parameters, although some features may vary. TABLE 1 shows briefly the specifications and salient features of the wearables that are used. As evident from the table the basic differentiating factor between the cheap fitness-bands with the expensive smartwatches is the presence of GPS and other advanced sensors like barometer, and NFC in the later ones.
C. SUBJECTIVE TEST DESIGN AND PROTOCOL
Forty participants evenly distributed by gender have taken part in the experiment with an age range of 18 to 34 years. Two procedures are performed (one step-count procedure, and one heart-rate measurement procedure) for each of the smart-wearables. Each procedure is repeated four times with the smart-wearable being worn evenly between the dominant and the non-dominant wrist (in order to remove any location dependency on the results). Before starting the experiment, participants enter their physical information (gender, height, weight, and age) via the respective wearables application installed on a smartphone. In addition, after completing each procedure it is ensured that the wearables are synchronized with their respective mobile application.
The first part of the experiment deals with collecting relevant data for evaluating the QoD. In order to measure the step counts; the participants are told to walk and the number of steps are recorded by using a clinical grade pedometer Yamax Digi-Walker SW-701. This pedometer is used as the baseline as its accuracy has been well established through previous research [49] . Before and after performing the step-count procedure the heart rates are measured simultaneously by the respective wearables as well as by a research grade pulse oximeter (Onyx Vantage 9590), which acts as the baseline. Additionally, the heart rates of the participants are recorded in an interval of 4 hours from both the wearable and the oximeter simultaneously (from 09: 00 am to 04:00 pm every day during the experiment period).
After data collection in the first phase, an initial analysis is done into the accuracy of the different wearables and the results are shown to the participants of the study. Instead of focusing on each of the individual devices, the results are averaged out across all the smart-wearables used in order to create a sense of generalization. The accuracy of the devices is indicated by means of the Bland-Altman plots. These plots are shown and explained to the users' in detail before they give their opinion on a 5-point scale (Mean Opinion Score) across both the parameters. The 5 point MOS scale has been outlined in TABLE 2.
In the second phase, a more detailed UI analysis of the companion applications of the different wearables that are installed on a smartphone is done for obtaining the QoI. The QoI is measured from a three dimensional viewpoint of PEOU, PU, and RI. The concepts of PEOU and PU are borrowed from the original Technology Acceptance Model (TAM) [50] . RI refers to the details and insights provided by the companion applications of the wearables into the data that has been collected. It also includes the ability of the applications to record and keep a track of vital data that the wearables cannot measure by themselves like blood pressure, body SpO 2 level, blood glucose level, and daily water intake. A 5-point Likert scale is used for assessing the opinion from all the participants who have taken part in the study. However, for measuring the QoI the participants are given questionnaires to fill-up (after the experiment period) for each of the parameters PEOU, PU, and RI based upon which the results are recorded. An initial draft of the questionnaire is prepared collectively by 2 researchers who are experts in the domain of Information Systems and IT adoption. This rough draft is then discussed with 3 senior professors for getting their feedback regarding the questionnaire design and clarity in the wording of the questions. Based upon the feedback received certain questions are modified before administering them to the subjects. The questionnaire details are shown in TABLE 3. Finally, based upon their overall experience, the participants give scores to the perceived QoE on the same 5-point (MOS) scale. Thus, in total the participants give six ratings (two for QoD, three for QoI, and one overall rating for QoE). TABLE 4 shows a summary of the different parameter ratings given by the participants.
IV. OVERALL QoE MODEL DESCRIPTION
In this section, we present the quantitative QoE model. For computing the QoE, an assumption is made that it is a weighted linear combination of the parameters from the QoD and QoI categories. The QoD is in turn calculated as a weighted linear combination of all the parameters in the QoD category (QoD SC and QoD HRM for the present case), whereas the QoI category is also adjusted by its own weights covering all the three parameters (QoD PEOU , QoD PU , and QoD RI ). The overall QoE is proposed in equation (1) .
where
and
In the above equations, the symbols are defined as follows: 1) µ controls the relative weight of the QoD category compared to the QoI one.
2) SC i , HRM j , PEOU k , PU l , and RI m represent the quality ratings given to the individual parameters SC, HRM, PEOU, PU, and RI respectively.
3) A, and B represent the weighing constants determined empirically for the SC measure, and HRM measure respectively for the QoD category, whereas C, D, and E represent the same for PEOU measure, PU measure, and RI measure respectively for the QoI category.
4) α i , β j , γ k , δ l , and ε m are the weight factors that depend on the relative quality value of the individual user experience parameters underneath the SC measure, HRM measure, PEOU measure, PU measure, and RI measure respectively.
In order to ensure that the overall QoE lies between the permissible limits (0 ≤ QoE ≤ 5) the summation of all the constant coefficients in equations (2) and (3) should add up to a maximum value of 1 i.e. each of the individual coefficients must be normalized in the (0, 1) range. Therefore, equations (2) and (3) must satisfy the following constraints:
The three-tier organization of the QoE equation provides certain flexibilities as it allows greater control over the parameters considered along with facilitating the easy addition of newer ones. For example, in the outermost layer there is a choice to select the relevant categories for QoE estimation. If the QoE needs to be evaluated from the QoD only, keeping the QoI category constant, then µ should be set to 1, so that the entire weight goes to the QoD category. Similarly, at a lower level within a particular category (for example QoI) if the effect of PEOU is negligible, then C can be set to 0, and equation (5) becomes D + E = 0. Thus, the weights are distributed between D and E. Moreover, the weights α i , β j , γ k , δ l , and ε m can also be adjusted depending upon the number of parameters that contribute towards a particular measure. For example if SC, HRM, PEOU, PU, and RI are determined by respective singular measures only (the present case), then the values of each α i , β j , γ k , δ l , and ε m can be set to 1. Alternatively, if a new measure is to be added to any parameter, then the corresponding weight can be adjusted. Consider the SC parameter for example. In future, if it is required that the user perception regarding step counts be measured from both the number of steps walked as well as the distance travelled, in that case the weight of α i can be adjusted accordingly, while the remaining ones set to 1. Hence, organizing the QoE in three tiers is advantageous as it allows the creation of a generic structure that can be modified easily depending upon the requirements.
V. RESULT ANALYSIS
In this section, we present the overall results of the study starting with the four different techniques used for calculating the relevant weights: balanced weight distribution technique, correlation based technique, hybrid technique, and a priority based technique.
A. BALANCED WEIGHT DISTRIBUTION
In this technique, we assign equal weights across all the parameters. Such an approach can be used where all the parameters are treated equally and it is difficult to establish a sense of priority among them [52] . Therefore, in order to maintain an equal distribution of weights to parameter ratio, the weights are determined based upon the number of parameters involved [52] .
In the present case, for equation (1) we have two parameters from the QoD category and three parameters from the QoI category. Therefore, µ = 2/5 and equation (1) becomes
The same logic is applied to equations (2) and (3). In equation (2), the QoD category has two parameters, and hence the weights are distributed evenly between A and B with A = B = 0.5 and satisfying constraint (4) . Similarly, for equation (3) the weights are evenly distributed between the three parameters and hence C = D = E = 0.33 and satisfying constraint (5). Therefore, we are able to balance the weights depending upon the number of parameters in each category. Also, we set α i = β j = γ k = δ l = m = 1 to their maximum weights since there is only one measure for each parameter (if any parameter would have multiple measures then the weight would have been divided equally).
B. CORRELATION BASED DISTRIBUTION
In this approach, the weight of the parameters across each category is based on the correlation of that parameter with the overall QoE rating. Obviously, higher the correlation, higher will be the weightage of the respective factors. The formulae used for calculating the correlation is:
where x denotes the overall QoE rating,X denotes the mean value of the overall QoE rating, y the rating of the intended parameter,Ȳ the corresponding mean value, while SSx and SSy the sum of squared deviations for x and y respectively. Based upon the above formulae the correlations of the concerned parameters with the overall QoE is calculated and the values are normalized to satisfy equations (4) and (5) . Similarly, for the weight parameter in equation (1) their maximum weights since there is only one measure for each parameter.
C. HYBRID DISTRIBUTION
This technique is a combination of the balanced weight distribution and correlation based distribution approaches. For calculating the weights in equations (2) and (3), the balanced weight distribution approach is followed satisfying constraints (4) and (5) . Hence, the weights obtained are A = B = 0.5 and C = D = E = 0.33. For obtaining the weight of equation (1), the correlation-based approach is followed using normalized values to add up to one (µ = 0.299). Like before, since all the parameters have only single measures, hence the weights of α i , β j , γ k , δ l , m are all set to one. If any parameter would have multiple measures, in that case the corresponding weights would have been allotted based upon the respective correlation values normalized.
D. PRIORITY BASED DISTRIBUTION
In this technique, we use a more realistic approach because it is assumed that the weightage of the different parameters towards the final QoE are different. In order to investigate the priority of the parameters as applicable to the participants of the study, each one of them were told to do a pairwise comparison between all the parameters within a particular category and give a score between one to nine [53] - [55] . In the first step, a pairwise comparison matrix PC is created. PC is a m × m matrix, where m denotes the number of input parameters. Therefore, for the QoD category it is a 2 × 2 matrix, whereas for the QoI category it is a 3 × 3 matrix. Each entry a ij of the matrix represents the importance of the ith criterion relative to the jth criterion. If a ij > 1, the ith criterion is more important than the jth criterion and vice-versa.
Also, the following constraint needs to be satisfied:
For satisfying the constraints (4) and (5) further normalizations need to be done. The PC matrix is normalized by making equal to one the sum of the entries on each column and denoted by PC Norm . Each entryā ij of the normalized matrix PC Norm is thus computed as: Finally, the weight vector (m dimensional column matrix) is built by averaging the entries on each row of PC Norm , i.e.:
The weights that are obtained by equation (9) satisfy both the constraints (4) and (5) . As an illustration of the entire process, the PC matrix, PC Norm matrix along with the relevant weights have been shown in TABLES 6 and 7 respectively for the QoI category. When pairwise comparisons are done, certain inconsistencies may arise [56] , [57] . The concept of Consistency Index (CI) has been widely used in previous research, as an effective measure of inconsistency check (should be less than 0.1) [57] , [58] . Therefore, if the results turn out to be inconsistent, in that case the initial ratings need to be re-adjusted (for calculating the PC matrix) until the consistency criterion is satisfied. In our case, the CI value is less than 0.1. 
E. ACCURACY OF SMART-WEARABLES
The accuracy is measured by assessing the criterion validity and level of agreement between the wearables and the respective reference methods. Bland-Altman plots with mean bias and upper and lower limits of agreement (LoA) are used for assessing the accuracy. Before carrying out the BlandAltman plots on the respective datasets, a one-sample T-test is conducted to indicate the presence/absence of a fixed bias and found to be non-significant for both cases. All the statistical VOLUME 7, 2019 FIGURE 1. Bland Altman plot for smart-wearables measuring the step-counts.
FIGURE 2.
Bland Altman plot for smart-wearables measuring the heart rate.
analyses are conducted in SPSS version 17.0. Figs 1 and 2 show the Bland-Altman plots for the step-counts, and heart rate monitoring respectively. These plots are shown to the participants and explained in detail before they are allowed to give their opinion on a 5-point scale. Also, during the result presentation instead of showing the individual device details, the results are averaged out across all the five smartwearables for the purpose of generalization. In both the figures, the red-solid line represents the mean difference between the two measures i.e. the one obtained from the smart-wearables compared with its respective benchmark, while the green dashed lines represent the upper and lower level of agreements (with 95% confidence interval limits). The average calculated QoE represents the overall QoE obtained using the different quantitative models with a certain weight approach. For the different approaches, there is only a slight variation in the mean values along with their standard deviations. In fact, a close resemblance is observed between certain techniques. For example, the balanced weight distribution and the hybrid weight distribution approaches almost yield the same results. This is because that the parameter correlation values are very close to each other in magnitude as well. The root mean square error (RMSE) values are also reported for each technique. The correlation-based method has the lowest accuracy since it has the highest RMSE value. Similarly, the priority-based approach has the lowest RMSE value. Overall, all the four techniques show consistency across all the measures that have been considered in TABLE 9. Fig. 4 shows a comparison between the QoE ratings obtained by the priority based technique and the subjective evaluation from the twenty participants used for the purpose of validation. It is observed that the values follow the same general trend, and are in close proximity of each other (thereby having a relatively large Pearson Correlation Coefficient value).
VI. DISCUSSION
In this work, we have attempted to provide a holistic QoE model in the context of smart-wearables. In order to answer the research question proposed, a subjective experiment is conducted at first gathering both the device specific (QoD), and user-specific (QoI) attributes for the purpose of QoE evaluation. The data quality and information quality is translated to the satisfaction level by allowing the users to rate their experience based on a MOS scale (for QoD), and through a questionnaire administration (for QoI). To answer the next part of the research question i.e. how to create the quantitative QoE model, we observe that there is no standard measurement method for evaluating the QoE of the wearable computing services. Hence, we propose a generic equation that includes the QoD and QoI attributes, as they are more relevant in the wearable context and the IoT paradigm in general. Four different techniques are used for allocating the weights to the relevant parameters under study and the results are compared.
Although the accuracy of the four proposed methods vary to a certain extent, yet there is common trend. For the QoD category, the accuracy of heart rate monitoring is more important to the end-users when compared to the step counts, since a higher weightage has been given to the former one. Therefore, the manufacturers can include related new features like continuous heart rate monitoring, sensors for measuring blood pressure, or even introducing ECG sensors for monitoring the live health condition of the heart. These additional features will motivate the users to adopt these smart-wearables. Apart from the accuracy of the sensor data, the conversion and amalgamation of all the raw data into useful information done by the companion applications of the smart-wearables are equally important. Specifically, for the QoI category, the users give higher preferences to the perceived usefulness, and richness of information provided by the companion applications. Strangely, the users' give very less importance to the perceived ease of use. We attribute this finding to the relatively young age of our participants (18-34 years) who are generally more tech-savvy, and curious to adopt any new technology. The users expect the applications to provide vivid details and useful insights to the data that has been captured by the wearables. Therefore, the application developers must focus more into providing additional functionalities to their applications. For example, a real-time online social health platform can be integrated into the applications, where the users can share their various fitness parameters in real-time with other users present in the vicinity. This can invoke a sense of competitiveness among the users that will encourage them more to do various fitness activities, and hence improve their overall fitness level. Currently, although the users can share their fitness related status on platforms like Facebook or Twitter, creating a fitness community with likeminded users within the smart-wearable applications themselves will be more convenient and useful in promoting a fitness-centric lifestyle. Similarly, provisions can also be made so that the applications can record relevant and useful health data that cannot be measured by the smart-wearables by themselves. For example, daily water intake, reminder to take necessary medications, or the amount of calories taken. are some of the functionalities that can be added to the applications to make them more useful.
VII. CONCLUSION, LIMITATIONS, AND FUTURE WORK
Like most empirical research, this study is not without limitations. Most importantly, the sample used in our work may not represent the whole population of the wearable users. For example, different results can be obtained if more people that are elderly are taken into account, as their acceptance and use of technology are different from the younger generation [59] . Likewise, in order to generalize the QoE model across the entire wearable segment, we have averaged out the results wherever applicable. We have done this purposefully in order to create a uniform model covering the wearables across a wide variety of price points. However, in doing so, we overlook the differences (in any) in the accuracy of the devices as well as the features provided by the companion applications. It will be an interesting research problem to investigate if really there is a difference in user-experience between a cheap $27 Xiaomi Mi Band 2, with an expensive $345 Apple Watch Series 3. We plan to answer this research question as a part of our future work.
Another open area of research relates to the best QoE approach that can be undertaken while evaluating the userexperiences of a dynamic IoT domain like smart-wearables. Although, in this work we have used four different techniques for weight calculation, yet it will be interesting to compare an additive QoE approach (that has been used in this work) with a multiplicative one, as each one of them have their own advantages/disadvantages [60] . Similarly, in order to improve the predictive power and validity of our model more subjects can be used for the experiments as well as the data can be analyzed using different machine learning techniques like an Artificial Neural Networks (ANN), and Adaptive NeuroFuzzy Inference Systems (ANFIS).
